A primary assumption of environmental niche models (ENMs) is that models are both accurate and transferable across geography or time; however, recent work has shown that models may be accurate but not highly transferable. While some of this is due to modeling technique, individual species ecologies may also underlie this phenomenon. Life history traits certainly influence the accuracy of predictive ENMs, but their impact on model transferability is less understood. This study investigated how life history traits influence the predictive accuracy and transferability of ENMs using historically calibrated models for birds. In this study I used historical occurrence and climate data (1950-1990s) to build models for a sample of birds, and then projected them forward to the 'future ' (1960-1990s). The models were then validated against models generated from occurrence data at that 'future' time. Internal and external validation metrics, as well as metrics assessing transferability, and Generalized Linear Models were used to identify life history traits that were significant predictors of accuracy and transferability. This study found that the predictive ability of ENMs differs with regard to life history characteristics such as range, migration, and habitat, and that the rarity versus commonness of a species affects the predicted stability and overlap and hence the transferability of projected models. Projected ENMs with both high accuracy and transferability scores, still sometimes suffered from over-or under-predicted species ranges. Life history traits certainly influenced the accuracy of predictive ENMs for birds, but while aspects of geographic range impact model transferability, the mechanisms underlying this are less understood.
Introduction
Environmental niche models (ENMs) estimate the relationship between species records at sites and the environmental and/or spatial characteristics of those sites, and extrapolate species distribution data in space and time based on a statistical model in order to represent the realized environmental niche of species [1] [2] [3] [4] . The accuracy of ENMs can be affected by the life history characteristics of the organisms under study [5] [6] [7] [8] [9] . While many studies address how life history traits impact model accuracy for different taxonomic groups, there are many fewer studies that examine the influence of differing life histories on model transferability [6, 10, 11] . Model transferability refers to how well a model built using environmental parameters from one geographic location or time performs when projected into a different geographic location or time [12, 13] . Although ENMs generally perform well when predicting within the same environment or climate [14, 15] , when they are projected across geographic or climatic spaces they can become less accurate and reliable [16] , thus model transferability is an important consideration in studies that involve forecasting or hindcasting [17, 18] .
Within taxonomic groups, individual species differences greatly impact ENM transferability, in fact, species differences have a greater affect on transferability than model choice for some organisms such as found among plants [6, 11] , mammals [19] and butterflies [11] . Having a strong contextual framework for the role of differing life history characteristics can allow us to make predictions of how well models will perform when they are forecast to the future or hindcast to the past. This is particularly important to consider when forecasting ENMs for climate based conservation planning under projected climate change [20] [21] [22] , or when hindcasting ENMs to generate phylogeographic and biogeographic hypothesis [23] . If we have a solid knowledge of the life history traits that impact transferability for a group of organisms, and an understanding of how those traits affect transferability, then we have a framework for model interpretation. For example, Dobrowski et al. [6] demonstrate that plant species with high dispersal capability are more easily modeled, projected, and interpreted because models for these organisms have high predictive accuracy and transferability. Furthermore, Kharouba et al. [10] found that models for butterfly species with narrower environmental niches were better predicted and projected than those with wider niches. This framework becomes critical when model validation is not possible, such as when forecasting to future predicted climate change.
Devising means of testing transferability is not always simple. Projecting across climates is complicated because model validation is much more difficult than when projecting within the same conditions for which the model was built [24] . With forecasting, model validation is confounded by the fact that true model validation cannot happen without the passage of time [24] . Therefore, an understanding of how well the models perform under analogous (but likely changing) climatic simulations is desirable to gain insight into model behavior. Under analogous conditions, all else being equal, one would expect very high model transferability, especially when considered over shorter timeframes. However, there are few studies that have examined this, and a recent study has identified this knowledge gap [25] .
For birds, some of the life history traits that have been examined with regard to ENM performance include range size, conservation status, migratory behavior, rarity, endemism, body mass (size), habitat structure, and wetland affinity (reviewed in McPherson and Jetz [5] ). Of these traits, range size, migratory behavior, and wetland affinity have detectable impacts on model performance for South African bird species. Narrow ranged species models performed better than those for common species, non-migrant species models were better than those for migrants, models for endemics outperformed models for non-endemics, non-wetland species models outperformed wetland species models [5] . However, the characteristics that contribute to a successful interpolative model (e.g. a model built and projected within the same climatic and geographic environment), may not be the same as those that make for a successful extrapolative model (e.g. a model built using one climatic and geographic environment and then projected to a different climatic or geographic environment) [6] . Therefore, transferability as it relates to life-history characteristics should ideally be evaluated explicitly.
Here I examine the relationship between life history characteristics and model accuracy and transferability for a subset of North American birds. I use historical occurrence records in combination with historical climate data to forecast to the current climate and to validate the models. Using historical data to assess model accuracy and behavior is a highly informative approach to model validation, and is the only direct method to assess temporal transferability [11, 15, 19, 24] . I quantify model accuracy, parameterization, and transferability, and then use generalized linear models to relate differences in these measures to differences in life history characteristics among species. This is done over a relatively short time period (50 years) in a region where climate is roughly analogous, thus the expectation is that transferability should be very high unless they are impacted by either artifacts of modeling or life history characteristics. This study focused on species with relatively steady ranges over the past fifty years rather than those with documented range shifts. By doing so it becomes more straightforward to disentangle artifacts of modeling from the effects of life history traits on predictive accuracy and transferability.
Methods

Species and Life History Characteristics
Included species encompass a range of distributions (e.g. widespread and common WC, widespread but rare WR, narrow endemic but common NEC, narrow endemic but rare NER), and life-history characteristics (Table 1) . To gain additional insight into the range characteristics and habitat access for each species, I generated observed frequency maps using eBird [26] . The ebird database records observations and includes site records both with the known distribution as well as migrants, it provides a visual heuristic to assess which species might be impacted by dispersal limitations that prevent them from accessing suitable environments. The other life history characteristics include migratory status, habitat preferences, conservation status, population trend, and body size. I categorized the migratory status of each species as neotropical migrant for migration to tropical areas of Central or South America (N), temperate migrant for migration within temperate North America (T), or resident if they persist in the same area year round (R). Primary habitat preferences were categorized as scrub, woodland, grassland, wetland, desert, or shoreline habitats. Life histories were characterized with guidance from Gough et al. [27] , the All about Birds website [28] and the Birds of North America Online [29] , body mass data are from [30] . The IUCN Red List was used to assess conservation status and population trends [31] , and species identified as one of the National Audubon Society's 20 common birds in decline are indicated [32] . The two conservation traits (conservation status and population trend) are emergent characteristics that should capture dynamics of range change through time and have been used in other studies evaluating the role of species ecologies on ENMs [5] . Species with threatened conservation status for example are often threatened by limited range extent or small population size and may be as difficult to model as rare species [5] . On the other hand, species that are undergoing a population decline or expansion are potentially out of equilibrium and may present a different challenge for modeling [5, 18] . Since population trend data for two species (Field Sparrow and Eastern Meadowlark) conflict, separate analyses using both classification schemes were conducted.
Occurrence Data
The models built here are based on survey data from the National Audubon Society's Christmas Bird Count (CBC) [33] . The CBC is a yearly survey of bird species across North America. CBC data are gathered and contributed by citizen scientists that carry out a 15-mile diameter survey on a single day over a three-week period in December and January. Yearly surveys at . Conservation refers to the IUCN Red List assessment for each species. Least concern (LC), vulnerable (V), near threatened (NT). We further identified decreasing (-d), increasing (-i) population trends using the IUCN assessment data, and demarcated those species identified by the National Audubon Society as one of the twenty common birds in decline with an *. Body mass was categorized as cat 1 100g, cat 2 100-500g, cat 3 500-1000g, cat 4 1000g.
some sites stretch back decades, and increased participation over the past several decades has led to the initiation of many new CBC survey circles. Abundance data for each observed species are then compiled for each circle surveyed. The CBC data capture the early winter ranges of resident and migrant species. The long temporal and wide-spatial coverage of CBC data present a unique foundation for investigating how North American birds have responded to historical and recent climate change. The CBC has expanded to include sites that fall outside of the continental United States, however most of these survey sites are very recent additions, thus there is a trade-off between spatial extent and temporal extent when using these data. Since the focus of this study is on temporal transferability, and in order to maximize the length of time that could be evaluated, sites outside of the continental United States were excluded. The CBC data were compiled from 1950 to 2010 and abundance information was collapsed into a simple presence or absence for each circle surveyed in each year. Data were binned by decade for each individual species, and only presence data were used here. Modeling was limited to presence data for multiple reasons; first since presence data are available for most macro-organisms (e.g. vouchered museum samples) but absence data are largely lacking, using the presence only data allows these results to be more generally comparable to modeling efforts used for other taxa or datasets. Second, since absences can be either a true absence (e.g. the species is not present in the survey site), or a false absence (e.g., the species is not detected although it is present) either more complex modeling techniques or more complex survey techniques are required to adequately characterize the nature of the absences [34] . To correct for species misidentifications, a conservative approach in which a 5% threshold was applied to each circle for each species, thus if a species was recorded less than 5% of the years at that survey site it was considered absent.
Environmental Data
Studies that predict species distributions under future climate change are almost exclusively reliant on climatic data for forecasting, and although the paleontological record provides insight into other potential environmental parameters, most ENM-based hindcasting analyses are also limited to climatic data. Therefore, to make this study more broadly comparable, only climate data were included in these analyses. Fortunately, climate has demonstrated utility in predicting distributional changes [35] . Monthly climate data for the continental U.S. were obtained for each year from 1950 to 1999 from the Parameter Regression of Independent Slope Model (PRISM) climate group [36] . Decadal averages (using the mean) were then produced for mean annual temperature, maximum temperature, and minimal temperature, and mean annual precipitation, and then 19 bioclim variables were produced (S1 Table) . Data were utilized at 2.5 arc minutes.
Environmental Niche Models
In order to test the temporal transferability of ENMs, I build models using historical data from fifty years of field surveys (1950 to 1999) in combination with historical climate data and project them to the "future" (in this study "future" refers to 1960 to 1999). The projected models were validated through comparison with survey data from the time period to which they have been projected. Model validation using serial temporal sampling is becoming more common (for recent examples [19, 25] ), providing an independent means for assessing model accuracy [24] . Since differences between modeling approaches are less impactful and insightful than other factors when evaluating transferability [6, 7, 11] , rather than focusing on the transferability of different modeling techniques (see [11, 37] for recent reviews), I use a single model type with high extrapolative ability. Using historical data in this manner provides a more robust framework for evaluating temporal transferability than consensus modeling approaches since consensus approaches emphasis precision rather than accuracy [6] .
Since there are recent studies investigating model variation with regards to geographic transferability [37] and temporal transferability [11] and both have found strong support for high transferability of MaxEnt models, I used MaxEnt 3.2e [38, 39] to build models and then project them into the "future". ENMs using matched decadal occurrence records and climate data were generated for each decade, then projected forward in time, such that ENMs generated using 1950s occurrence points and 1950s climate, were projected to 1960s, 1970s, 1980s, and 1990s climates (Fig 1) . Interpolative models (Im), are developed using occurrence data from a particular decade in conjunction with historical climate data from the same decade, and are expected to be good representations of the species' distribution [14] . The extrapolative models (Em), which are the interpolative models projected onto a 'future' climate are more prone to error because they are built using climate data that differs from the climate to which they are projected [16] .
A total of 555 models were constructed (15 models for each species). As previous analyses have demonstrated equivalent model performance with full versus subsets of environmental variables [16] , and I had no a priori information by which to select variables across the modeled set of species [40] , I used 19 bioclimatic variables for model building (S1 Table) . However, there are two schools of thought regarding variable selection when using MaxEnt [41] , one suggests including all reasonable predictor variables [38, 42, 43] , the other suggests removing collinear variables [41] . In MaxEnt, allowing more predictor variables allows more complex model fitting, and by default MaxEnt determines which predictors to use based on the number of occurrences in the dataset [44] . MaxEnt uses weighting for variable selection, as well as an L1-regularization procedure that penalizes models in which predictor variables with little or no contribution are included [41, 45] , thus it is generally thought to be less sensitive to model over-fitting than other methods [42, 43] (but see [46] ). Furthermore, if the relationship among variables is not constant over time, the inclusion of multiple collinear predictors has been found to produce better performance and fit as compared to reduced variable models [47] . However, if variables are highly collinear, ecologically relevant predictors may be excluded if a collinear variable better explains the response variable [40, 48] . From a purely statistical standpoint, reducing collinear variables reduces the potential for mis-identification of critical variables [40] . To better understand the potential impact of collinearity among the predictor variables in the maxent models, and the constancy of variable relationships across decades, I calculated variance inflation factors (VIF) using the R package uSDM [49] .
For each model a random starting seed was used, and up to 500 iterations were employed, 10000 pseudo absence points were generated from within the contiguous US, and duplicate presence points were removed such that each grid cell (~5km 2 ) contained only a single point. This bias correction approach reduces spatial aggregation among presence points, although it does not correct for sampling gaps, it has been demonstrated to be an efficient and reliable means to correct for geographically biased sampling [50] . I used a conservative two-fold random cross validation approach (e.g. dividing the data into two groups) by randomly retaining 25% of the occurrence points for testing. The regularization value to minimize over-parameterization of the models was set to the MaxEnt default value based on findings from [42, 51] (but see [52] for further discussion).
AUC (area under the receiving operating characteristic curve) [53] is a metric commonly used to assess model performance in GIS modeling, since it is unbiased and threshold independent [54, 55] . The AUC is (or nearly is) prevalence independent [53, 56, 57] , and instead depends on the probability of the model correctly ranking presence vs. absence sites [56, [58] [59] [60] . Although there are a number of potential problems with the AUC statistic [55] it is widely used as a metric for model fit since it is well understood [24] , and it is the recommended metric for studies assessing the influence of life history characteristics on model performance [57] . Numerous recent studies evaluating transferability have validated the use of the AUC as an appropriate performance measure [10, 13, 61] . Although studies comparing across modeling approaches need to apply corrections to account for the different degree to which they cover the range of commission errors, this study uses a single modeling approach that calculates AUC scores on the full range of commission errors [46] , therefore, AUC scores should be comparable. AUC scores for both the testing and training datasets were retained for further analyses. Clamping and multivariate environmental similarity surfaces (MESS) were also evaluated for each projected model to ensure that the climates to which data were projected were within the range of environments sampled by the training data [18] . The equal specificity and sensitivity threshold was used to create a binary presence or absence matrix for each cell. While the choice of threshold criterion is somewhat arbitrary, this particular threshold was selected because it equalizes the model's ability to correctly predict a presence if the species is present, and to correctly predict an absence when the species is absent [53, 62] .
Many studies examining the impact of life history traits have recovered a pattern whereby models for narrow ranging, endemic species have higher model accuracy than those for widespread species as assessed by AUC scores [5, 10, 63, 64] . However, for species occupying a restricted range relative to the extent of the background area modeled, AUC scores can be elevated as an artifact of modeling due to sampling prevalence and sample size [57] , and pseudoabsences [14, 65, 66] . By explicitly evaluating the effect of background extent on AUC scores for these species, the artifacts that arise from modeling should become evident [66] . To untangle artifacts of modeling from effects of life history traits, I generated a second set of models for narrow ranging endemics using a reduced background extent (extent restricted to states where a CBC circle recorded a presence) and then compared the AUC scores from the two models sets using t-tests to assess if background extent impacted estimates of model performance.
Since sampling size and the number of background points were held constant, and therefore neither sampling prevalence or sample size should be affecting differences among the sets of models, a significant difference between the models (full extent versus reduced extent) suggests that pseudo-absence selection influences AUC scores. If the models do not differ statistically, the higher AUC scores recovered for narrow ranged species may reflect a true effect of the underlying species ecology.
Model Parameterization, Performance, and Transferability AUC scores from the testing (AUC test ) and training (AUC train ) data sets were interpreted using the general guidelines outlined by Swets [67] : AUC < 0.9 = excellent, 0.9 > AUC > 0.8 = good, 0.8 > AUC > 0.7 = fair, 0.7 > AUC > 0.6 = poor, and 0.6 > AUC = fail. When used together AUC train and AUC test provide additional insight into model fit and validation [54] . For each model I performed an internal model evaluation (IE) by using the ratio of AUC test and AUC train (IE = AUC test /AUC train ). In this ratio, a value greater than 1, may indicate that the model is over-parameterized. I also used the difference between AUC test and AUC train (AUC Diff = AUC train -AUC test ) as a measure of model over-fit [52] . The differences in model fit and validation as measured by IE and AUC Diff between interpolative and extrapolative models were assessed using paired t-tests.
To gauge model transferability I examine the magnitude of over-or under-prediction and assess the overlap between modeled ranges. This approach assumes that the Im better represents the true distribution than does the Em [16, 68] . External model evaluation was performed using two AUC -based Transferability Indices to gauge the accuracy of the extrapolative models. Both TI H (TI H = AUC (Em) / AUC (Im) ), developed by Heikkinen et al. [37] and TI W (TI W = (1-(AUC Diff(Em) )) /(1-(AUC Diff(Im) )) developed here, are simple ratios in which values less than one indicate that the interpolative models are providing more accurate predictions than the extrapolative models. Values close to one are indicate equivalent accuracy of interpolative and extrapolative models. The second index, TI W differs from TI H by incorporating the internal evaluation into the ratio. I also use metrics to quantify mismatch between the interpolative models (Im) and the extrapolative models (Em). The metrics used here are from [69] and include the relative range size (RRS) and the overlap index (OI). They are intended to provide insight into the performance of the transferred extrapolative models (Em) relative to the interpolative models (Im). The relative range size (RRS) (if Im < Em RRS = Em/Im -1, else RRS = -1(Im/Em-1) is a measure of the over-or under-prediction of suitable area of the Em relative to the Im. A positive number means that the Em over-predicts the range, a negative value means it under-predicts the range, and a value close to 0 indicates model similarity [16] . The Overlap Index (OI) (OI = (O/Im)) quantifies agreement between the predicted and projected species range. OI records the amount of congruence between the Im and Em models. It is a simple ratio that quantifies the overlap between the Im and Em models with respect to the Im. Values range from zero to one. A value close to one indicates that the Em performs well in predicting the species range. A low value indicates little agreement between the models.
Life History Characteristics, Model Accuracy, and Transferability
The next step in these analyses is to relate differences in model accuracy and transferability to differences in life history strategies among species. Specifically addressing (a) which life history characteristics influence model performance and (b) which life history traits influence model transferability. Contingency tables were used to examine interactions among life history characteristics (migratory status, range status, habitat type, conservation status, population trend, and body size). The relationship between life history characteristics and ENMs was assessed using generalized linear models (GLMs). Homogeneity among residuals and other assumptions for application of GLMs were checked using graphical methods following guidance from Zuur et al. [70] . GLMs were implemented using the Gaussian family with the identity link. Five variables that measure model accuracy (AUC avg ) and transferability (RSS, OI, TI H , TI W ) were treated in turn as the response variable and modeled using the drop1 function in R [71] which gives the significance of each variable after all remaining variables are controlled for. Predictor variables included body mass, range (wide or narrow), range (common or rare), migration status, habitat, conservation status, and population trend. Significance was assessed using analysis of deviance with the Chi Square distribution, and the best-fit model was determined using the likelihood ratio test of the AIC scores. I then used the non-parametric Wilcoxon test to evaluate both model accuracy and transferability as they relate to range components, and the KruskalWallis test to examine differences among model performance as measured by the mismatch statistics and with respect to each of the life-history and range characteristics.
Results
Model Performance and Transferability
Thirty-seven North American bird species were evaluated using the CBC data (Table 1) . Clamping was non-existent in these analyses, and there was very little dissimilarity of multivariate environments. VIF scores indicate that there is some collinearity among the predictor variables (Table 2) . For all five decades we found consistent evidence for collinearity for annual mean temperature (bio 1), min temperature of the coldest month (bio 6), precipitation of the wettest quarter (bio 16), and precipitation of the driest quarter (bio 17). Three additional variables were also identified as collinear during different decades: max temperature of warmest the month (bio 5), mean temperature of the warmest quarter (bio 10), and annual precipitation (bio 12) ( Table 2) . Over the short time examined here, the relationships among variables were not constant.
Both testing and training AUC values had high discriminatory power for Im were excellent for 255 models, good for 72 models, fair for 35 models, poor for 8, and failed for 0. For the Em AUC values were excellent for 511 models, good for 156 models, fair for 60 models, poor for 10, and failed for 3. When averaged across decades AUC test values were excellent for 22, good for eight, and fair for seven species. For AUC train values were excellent for 28, good for eight, and fair for one species. The internal and external validations suggest that the Im and Em models are similarly parameterized and well calibrated (S2 Table) . Both of the transferability indices generally provide similar results and suggest that the models are highly transferable (S2 Table) . The RRS statistic found that many models had values close to 0 indicating strong agreement between the Im and Em, however there were a number of models that suffered from over-and under-prediction (S2 Table) . While under-prediction was more common than over-prediction, the magnitude of over-prediction was larger (S2 Table) . The OI statistic revealed that for many models there was high-predicted overlap between the Im and Em models, although there were some exceptions (S2 Table) . While most of the metrics suggest that the models are accurate, well fit, and transferable, there are some Em that either over or under-predicted the Im, as well as some Em that had low overlap with the Im, suggesting that these discrepancies arise either as an artifact of modeling, or that some other factor potentially related to life history characteristics affects model prediction and transferability.
Life History Characteristics
Of the species included in these analyses, eleven had stable population trends while twenty-six had unstable population trends (eight increasing and eighteen decreasing), nine were residents, twelve were Neotropical migrants, and sixteen were temperate migrants (Table 1) . Range status and migratory status were not independent, with temperate migrants mainly falling within the WC range status group (Chi-square test yielded a p-value of 0.036). Habitat preference, body size, and conservation status were all independent. Maps from ebird suggest that all but 5 species (Sage Grouse, Prairie Chicken, Yellow-billed Magpie, Saltmarsh Sparrow, Mountain Plover) have access to and disperse through a large proportion of the extent of the area modeled in this study.
Model accuracy was significantly affected by several life history characteristics (Table 3) . Range, migration and habitat were important predictors of model accuracy.
For range, widespread versus narrow species distributions but not the commonness or rarity of the species impacted the model accuracy, with narrowly distributed species having higher model accuracy than widespread species (Fig 2) . To determine if this finding reflects an artifact of modeling or an effect of life history trait, AUC scores for models for narrowly distributed species were re-evaluated with a reduced background extent and then compared to models with the full background extent. The two sets of models were found to be statistically significantly different (AUC test : t = 5.4379, p-value = 0.000) which suggests that these differences arose as an artifact of modeling. Models for both Neotropical migrants and residents had high levels of model accuracy, while models for temperate migrants had markedly reduced accuracy (Fig 2) . Among the six major habitat categories included in these analyses, model accuracy for wetland species exhibited a large amount of variation, although the mean AUC was high (Fig 2) . The Wilcoxon test Life History Traits Birds Life History Traits Birds found support for significant differences in accuracy for both range components (e.g. widespread vs narrow, common vs rare) ( Table 4) . The commonness or rarity of the species (range) was a significant predictor for OI but not RSS (Table 3, Fig 3) . The OI was higher for rare birds indicating better agreement between the Im and Em models than for common birds, Interestingly, GLMs did not find any of the life history characteristics examined here to be significant predictors of model transferability as measured by TI H or TI W metrics (Table 3) , although the Wilcoxon test did recover significant support for differences in transferability for narrow versus widespread species (Table 4) .
Among group comparisons of means by range, migratory status, and IUCN population status revealed statistically significant differences in mean RRS (Table 5) . NEC, NER, WC, and WR categories had widely differing group means, models for rare species tended to over predict range, while models for common species did a better job of capturing range dynamics. The mean RRS values for temperate migrants was 0.69 ± 6.09 sd suggesting that the Im and Em predicted similar ranges for these birds, while for Neotropical migrants and residents the mean RRS values were 5.956 ± 12.33 sd and 7.332 ± 12.42 sd respectively, suggesting a tendency towards over-prediction. As expected, for species with an increasing population trend, the mean RRS value was negative (-1.623 ± 1.233 sd) indicating a tendency towards under prediction, while for stable species and species with a decreasing population status, the mean RRS values were positive (5.786 ± 10.97 sd and 5.435 ± 11.49 sd respectively), indicating a tendency towards over prediction. When evaluating OI with respect to the four range scenarios, the average OI value for widespread common species was lower than for the other range scenarios, and the means among the different range scenarios were statistically significantly different (Table 5 , Fig 4) . The OI also differed among migratory groups, with temperate migrants having a lower average OI score than resident or Neotropical migrants (Table 5 , Fig 4) . Group means among IUCN population status categories were also significantly different, with the highest OI value recorded for species with stable populations (0.74 ±0.17 sd), and the lowest for those with increasing populations (0.543 ± 0.14 sd).
Discussion
In this study I modeled serially sampled survey sites over a 50-year period in a region where climates have remained relatively steady through time. I expected that if the models were performing well then they should have high transferability, and therefore differences in transferability should then be due to other factors such as life history traits or artifacts arising during modeling. In agreement with results from McPherson and Jetz [5] , differences among bird species ecologies impacted the predictive accuracy of models. In both studies narrowly distributed species were better modeled than widespread species and wetland species models were often less accurate than models for species in other habitats. However, in this study, the recovered differences between models for narrow versus widespread spread species appears to be an artifact of the effect of the selection of pseudo-absences on the AUC statistic. This occurs when using the same modeling extent for all species, since narrow range species occupy a smaller subset of the entire area relative to the modeled extent [14, 57, 65] . VanDerWal et al. [66] found that pseudo-absences drawn from too large of an area relative to the species range can lead to inflated AUC statistics, which is what was observed in this study. Many studies standardize the extent of the area modeled across species of varying range sizes, careful consideration of the potential effect of the modeled extent to the range size of the species is warranted if AUC is used as a metric for model accuracy, since individual models for narrow ranged species may not actually perform as well as their AUC scores suggest. Converse to results from McPherson and Jetz [5] , this study found that the models for temperate migrants tended to have lower accuracy than those for Neotropical migrants or resident species. Different studies have come to different conclusions regarding how well models capture the distributions of migrant versus resident birds [63, 72] , suggesting that this may vary across geographies and assemblages.
The performance of ENMs built using historical climate and occurrence data varied in their ability to predict "future" species distributions. In this study models were projected to highly similar analogous environments, under the expectation that they should transfer well [61] . The testing AUC scores for the models were overall quite high, and the models were well calibrated with only a slight tendency toward over-parameterization (which is less problematic than under-parameterization [52] ). Although the transferability scores were generally high, the transferability of the models varied. While the GLMs did not find any of the life history traits Significance at alpha < 0.05 is demarcated by an *, and alpha < 0.01 is demarcated by **.
to be significant predictors of transferability as measured by TI H or TI W , the OI statistic suggests that commonality versus rarity of species across their distributional ranges may play an important role in the predictive ability of extrapolated models. In this study, this was the only life history character that significantly predicted overlap. In contrast, the Wilcoxon test suggests that there are statistically significant differences in transferability for narrow versus widespread species, but not for common versus rare species. ENMs can become erratic when transferring projections in space and time [6, 10] . While this study used internal and external validations to ensure that models were well parameterized, accurate, and transferable, some models suffered from over-or under-prediction. Over-prediction could emerge as an artifact of thresholding, or as a by-product of model parameterization. If a particular threshold was always more lenient (lower) than other thresholding approaches than ranges would always tend towards over-prediction, however this was not the case. If the models were over-parameterized then the expectation is that the transferred models would under-predict the range, while the converse is true for under-parameterized models. In some studies, MaxEnt has been known to remove too many variables, resulting in over-predicted range sizes due to under-fit models [16] . Here the high degree of over-prediction for some species suggests underfitting, although the fit statistics indicate that the models are well parameterized.
Although it has been suggested that collinear predictors do not affect MaxEnt model building, but instead impact model interpretation [73, 74] , the inclusion of variables that are collinear can lead to over-fit models and potentially to the elimination of biologically relevant variables [40] . These models are expected to under-predict the range [51] , and indeed, this accords with findings from Braunisch [47] in which complex models (retaining highly collinear predictor variables) performed better than simpler models (retaining independent variables), despite potential over-fit and under-prediction. Although we did observe examples of under-prediction in this study, it was of small magnitude, suggesting that collinearity is not driving the results.
An alternative explanation is that biotic interactions may play a limiting role in determining the species distribution and may be more important than climate in determining range limits for these species. These factors can include dispersal limitation and issues of access to suitable environments, or biotic interactions such as competition, or biotic dependencies on particular vegetative structures [75] . Dispersal limitation and historical access play a significant role in shaping distributions at evolutionary scales [76] . Dispersal limitation in particular could impact modeling if the extent of the modeled area is greater than the dispersal capabilities of the species during the timeframe under evaluation [77] . While experimental evidence for extreme dispersal limitation exists for some tropical forest bird species [78] , the birds in this study are temperate species (expected to have high dispersal relative to tropical species [79, 80] ), and the majority of them are migratory suggesting that dispersal limitation should not affect most of the species. Frequency maps generated in ebird suggest that all of the widespread and many of the "narrow" range species are able to access habitats throughout the modeled region, thus dispersal limitation is not a major driver of the species distributions in this study. Although climate alone has been shown to do a good job predicting distributions for birds [75] , biotic dependencies related to habitat have been shown to be important in structuring North American bird distributions [75, 81, 82] . This study did not take into account habitat changes through time and instead focused only on abiotic environmental factors, which could have some important implications. For example, if suitable habitat decreased or fragmented, one might expect birds that closely track that habitat, to have reduced ranges relative to predicted ranges based solely on climatic factors. It is possible that critical environmental components, such as habitat, drive the distributions of some species examined in this study, and these components are not captured in the models. This could result in under-fit models and the over-predicted distributions found for some species. This study did find that habitat was an important predictor of model performance, although, it was not a significant predictor of transferability, and there were no significant statistical associations for habitat and transferability.
Another related possibility is that species are not consistently tracking the same set of climate variables in time. A variable might be important in determining range barriers at one time, but is not as important in a different time period [83, 84] . Rubidge et al. [15] found that species distributions within a period could be best explained by climatic variables, but that other environmental variables played an important role in range changes between times. For species such as this, ENMs trained solely on climatic variables from one time period will likely not do an adequate job in capturing range dynamics. The inclusion of additional environmental data such as vegetation might provide better predictive ability than climate alone. Multi-species modeling approaches may also better capture predicted range changes if species interactions underlie current range limits [15] .
The decreased transferability found in this study could have potentially arisen due to some of the specific characteristics of the data utilized in these analyses. For some species, the range limits of the winter range extend beyond the borders of the continental United States, and these areas were not used in constructing ENMs. Projecting to highly novel climates, can lead to decreased transferability if the entire geographic range is not sampled [85] . This arises because some combinations of climatic variables are not included during model building, which can result in models that do not capture the upper and/or lower ends of the environmental envelope [85] . This could underlie some of the instances of under-prediction found here, but does not explain over-prediction. Furthermore, the climates in these analyses are analogous across all decades. There is no evidence to suggest that novel climatic combinations existed during the 50 years (as assessed by the absence of clamping and with the MESS statistic). As such, models should be both highly accurate and temporally transferable within the continental United States.
Another potential issue is that the CBC data, like many historical data sources may contain biases. In historical databases species misidentifications, heterogeneous collecting effort and intensity, and geographical/environmental sampling biases may exist [86] . This study implemented some measures to correct for these confounding issues; (a) species observed less than 5% of survey years at a survey site were considered potential misidentifications and were removed for these analyses, (b) presence and absence at any site for each timespan was determined by ten years worth of surveys thus minimizing the effects of a low survey-effort year, (c) these data were recorded as simple presence or absences rather than as abundances, which also alleviates confounding effects from uneven survey effort, and (d) systematic sampling (sensu [50] ) was used to correct for geographic clustering of presence points. However, any potential skew in the geographical distribution of the CBC circles, such as under sampling in a particular region has not been corrected.
Indeed, the primary underlying difference in model accuracy and transferability in this study appears to relate to species life history characteristics. Life history traits impart a strong signature on the nature of species ranges and abundances, and although they clearly impact both accuracy and transferability, they are often overlooked. This raises the question of how to best assess and integrate life history trait impacts on accuracy and transferability into modeling efforts, particularly those that use forecasting to assess conservation issues under projected future climate change. As has been argued [22] , conservation efforts should consider climate change in their planning.
Studies examining life history traits and model accuracy and transferability are needed for a wider group of organisms, especially for taxa that are of high conservation concern and experiencing elevated rates of extinction, such as amphibians. Although high quality historical data are not available for many taxa in most part of the world, sources for these types of data are becoming available. Another option is to partition available data from existing sources such as GBIF [87] , VertNet [88] at a finer temporal scale and project those data forward or backward to test ENM accuracy and transferability as it relates to life history characteristics. As more studies become available for more taxa from more regions, generalities should emerge that will provide a framework integrating model behavior and life history traits.
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